The contribution of this work is twofold. Firstly, we introduce a new channel assignment model for GSM radio networks. In this model both spatial and temporal variations of traffic are taken into account in order to improve network capacity and robustness. Secondly, using this model, we develop an original and effective hybrid algorithm to get high quality frequency plans. This algorithm combines a problem specific crossover and a Tabu search procedure. The proposed model and hybrid algorithm are evaluated using both artificial and real data. Computational results allow us to confirm the effectiveness of the proposed approach.
able to manage the system resources in a flexible manner [41] . In this paper, we consider the fixed frequency assignment problem where the traffic undergoes both spatial and temporal variations. Considering traffic variations for frequency assignment is desirable and even necessary to enable high network capacity and quality of service.
Many schemes of channel management have been adopted to cope with traffic variations [22] . Mainly, those schemes may be classified into three classes:
-Reactive schemes operate in real-time as new calls arrive in the system and consequently induce additional signaling loads in the network or require some changes to both base station and terminal equipment. Dynamic channel assignment [3] [4] [5] 7] , hybrid channel assignment [38] and channel borrowing [40] belong to this class. -Proactive or adaptive schemes periodically readjust the frequency plan according to expected traffic evolution [33] . This readjustment must be made in such a way that one performs a minimum number of modifications on the existing frequency plan in order to minimize channel handoff. -Fixed schemes permanently allocate to each station a set of nominal channels. Frequency planning is then made on the basis of over-sizing of traffic data or using probabilistic distribution of traffic load [19, 28, 31, 34] . The major inconvenient of this kind of strategies is still the lake of robustness against traffic variations.
In this paper, we propose a new model for fixed channel assignment (FCA) which takes into account both spatial and temporal variation of traffic in order to improve network capacity and frequency plan robustness. In this model, we assume that we have data on traffic variation for np future periods representing the cyclical evolution of traffic (daily or weekly). The objective is then to find an assignment of the available frequencies to the base stations in order to satisfy traffic demands and to minimize interference. Three criteria are retained to measure the performance of frequency plans: (1) total interference over the given time period, (2) temporal robustness of the frequency plan, and (3) spatial repartition of interference. The first criterion is well known; the other two criteria, however, are rarely studied in the literature. Contrary to reactive and proactive schemes, this model has the advantage of introducing neither additional signaling loads nor interventions on network equipment.
The classical FCA is known to be a very difficult optimization problem [1, 6, 13, 17, 27, 30] . The presence of additional optimization criteria in the new model makes the problem even harder. For the resolution purpose, we have elaborated an original genetic Tabu search heuristic (GTS). The main characteristic of the algorithm is the use of a common Tabu list for all population individuals. This structure allows experience sharing between current solutions. Another important feature is its domainspecific genetic operators: violation-directed mutation and geographical crossover [34] . The efficiency of the hybrid algorithm is compared to three other algorithms, derived by switching off some of its components. The first one (noted GLS) is the same genetic Tabu search except that Tabu search is replaced by a simple descent algorithm based on the same neighborhood structure. The second algorithm used for the comparison is a basic Tabu search (TS) algorithm that uses again the same neighborhood structure as before and proceeds by inspecting the entire neighborhood at each iteration. The third algorithm is a hybrid genetic Tabu search algorithm iden-tical to GTS algorithm but where the population individuals don't share a common Tabu list. Consequently, each individual have its proper Tabu list.
The paper is organized as follows. In the next section, we describe the context of this study and we give an overview on fixed channel assignment modeling history. Then the impact of traffic variation on frequency plan performance is shown. In the Sect. 3, we introduce formally the multi-criteria cost model. Description of the genetic Tabu search and its operators are presented in Sect. 4. Sections 5, 6 and 7 present the three comparison algorithms. Section 8 is dedicated to experiments and computational results. The conclusion is drawn in the last section.
Fixed channel assignment in GSM networks
In radio mobile networks [24, 29] , communications are ensured by a radio link. The mobile network operators dispose of a very limited number of frequencies to cover all the network area (limited to 62 frequencies in France). For this reason, frequency reuse is indispensable to increase the capacity of a network.
A GSM air-interface [23] is composed of a set of sites, each supporting one to three stations. Each station covers an area called cell representing all the points served by this station (Fig. 1) . Fixed channel assignment (FCA) is widely used in today's cellular networks because of its implementation simplicity. In this scheme, each station requires a fixed number of frequencies according to its traffic load, which may simultaneously occur in the cell. Channel assignment consists in finding a permanent assignment of the available frequency spectrum to the stations of the network, which satisfies stations demands and minimizes interference. Interference is caused by the presence of overlapping areas between cells where several signals of good quality are received. 1 In these areas, traffic satisfaction is highly conditioned by used fre- -Co-station constraint (call it C1 hereafter): frequencies assigned to the same station must be spaced by at least 3 channels. -Co-site constraint (call it C2 hereafter): frequencies assigned to stations located on the same site must be spaced by at least 2 channels. -Inter-site constraint: frequencies assigned to stations belonging to different sites are spaced according to their mutual interference.
Generally, the co-station and co-site interferences are considered as hard constraints that satisfaction conditions the feasibility of the frequency plan, whereas the inter-site interferences are seen as soft constraints that express a preference of some solutions. The first works on the FCA are based on a reusing matrix [12, 16, 18, 21] indicating channel separation required between frequencies to completely eliminate the interference. In such a model, interference priorities are ignored. In fact, inter-site interference involves different levels of damage to the affected communications. This damage is measured according to used frequencies distance, interference power and the affected traffic. More realistic models were recently proposed, which are based on the quantification of interference risks [6, 9, 20] . In this case, the interference damage produced by each station on each other is estimated. Frequency plan quality corresponds then to the sum of recorded interference damage rather than the number of unsatisfied separation constraints.
The impact of traffic on interference is twofold. As jamming station, traffic intensity describes the using rate of frequencies assigned to the station and hence impacts on the quantity of generated interference. As interfered station, traffic intensity reflects the importance of the area covered by the station and consequently the interest of interference reduction on this area. Since traffic is variable, frequency plan considered good according to traffic situation at a given period might become bad at other periods. To manage traffic evolution, current frequency planning methods are based on an over-sizing of traffic data. One commonly used technique is based on traffic data at second busy hour of the day (2BH) [21] . More precisely, on each station, the quantity of traffic recorded at the second busy hour of the day is retained (Fig. 2) . This traffic is considered constant and occurring in a simultaneous way. This over-sizing involves an inaccuracy in modeling of traffic capacity.
Contrary to aggregating traffic data, we propose here a frequency channel assignment model, which takes into account the dynamic aspect of traffic and is, hence, more adequate in modeling global quality of the frequency plans and their robustness towards these changes. In the following of the article we refer to this model by dynamic model.
In the dynamic model, we consider that traffic evolution follows a cyclical scheme (daily or weekly) that remains stable for a relatively long period (about 3 to 6 months). Consequently, the frequency plan is built to fit the traffic evolution. Such a frequency plan will remain operational for several months. As for classical model, the frequency plan will be readjusted when important changes occur in the cyclical variation of traffic (for example seasonal changes). Let C1 and C2 two binary functions representing the co-station and co-site constraints and are defined as follows:
Let I be the function measuring inter-site interference damage generated by one station on one other. I (i, j, t i , t j , d) designates interference damage produced by the station i on the station j when they use two frequencies spaced by d channels. Where t i , t j correspond to traffic load on the two stations. The value of the function doesn't correspond directly to a physical measure but it is well correlated with the notion of lost traffic.
In our model, the problem is formulated by np directed graphs, one per period. Each graph G h represents inter-site constraint damages measured according to traffic situation at period h. 
Let us first notice that inter-site interference damage is considered negligible when d exceeds 1 channel. Secondly, co-site and co-station constraints are constant during all the periods since they refer to network architecture and not to clients demand.
On the basis of those graphs, the quality of a frequency plan is assessed on both a global and local level. The global quality of the frequency plan refers to the total interference recorded on the network over the whole time period. The local quality measures the performance stability of the frequency plan over the time and the space. Three criteria are to be retained then: Total interference, frequency plan robustness, and spatial repartition of interference. These criteria can be stated more formally as follows.
-Total interference or global quality of the frequency plan.
-Robustness of the frequency plan through time periods. It aims to minimize the worst performance of the frequency plan over the time.
-Spatial repartition of interference through the network. It aims to minimize the maximal amount of interference on one station.
According to this model, the objective of the channel assignment problem is to find the f i,k values which satisfy co-station and co-site constraints and minimize F 1 , F 2 and F 3 . The frequency plan will be then operational during all periods. The general scheme of problem modeling and solving is described in Fig. 3 .
The computational complexity of the standard FCA problem has been studied in several works [1, 6, 8] . From these studies we know that:
1. FCA, reduced to the minimization of the function F 1 , is NP-complete. 2. The general problem of finding a feasible solution satisfying co-station and co-site constraints is NP-complete. 3. The problem of deciding whether an instance of the problem presents a feasible solution is NP-complete.
In addition, the non-linear nature of the F 2 and F 3 criteria increases the difficulty of the problem. Moreover, previous studies have also shown the difficulty of Next section presents our hybrid heuristic algorithm for solving the FCA problem. This algorithm combines genetic search and a Tabu algorithm and uses the above quality functions (F 1 , F 2 and F 3 ) as part of its evaluation function.
Genetic Tabu search for FCA (GTS)
Our solution method is based on the hybrid evolutionary framework which combines local search with population based evolutionary algorithms. This framework, which becomes more and more popular in recent years, has been applied with great success to several well-known NP-hard combinatorial problems [11, 24, 26, 32] . Such a hybrid evolutionary algorithm often requires two complementary key elements: a powerful local search operator and a problem specific crossover operator. The crossover operator is used to create new and potentially interesting solutions, which are further improved by the local search operator.
For the channel assignment problem, we developed such a hybrid algorithm, which embeds a Tabu search (TS) procedure [14] within a genetic algorithm [15] . In what follows, we give a detailed presentation of this genetic Tabu search (GTS) algorithm.
Individual representation and fitness evaluation
A frequency plan is coded by a vector Co-station and co-site constraints are handled using a penalty-based approach. The evaluation (fitness) function corresponds to a linear sum of C 1 , C 2 and the three criteria F 1 , F 2 and F 3 (7) . To emphasize their importance, co-station and co-site constraints are weighted by a large value ω. This value is chosen in such a way that constraints satisfaction has always priority over optimization criteria. To that end, the value of ω is set to the greatest evaluation of the function F 1 + F 2 + F 3 in the initial population. Since this value is necessarily very high during the initial generation, Fig. 4 Working scheme of the Genetic Tabu search algorithm this ensures us that the value of ω would be large enough to favour hard constraints satisfaction. Notice that the ω value is kept fix during the search.
The objective of the FCA algorithm is thus to find the f i,k values that minimize the function F . Notice that F1, F2 and F3 have a unit weight. This is for the following reasons.
-The three functions are of identical nature. All correspond to an interference quantity. -The normalization of the functions will be prejudicial to F1 criterion since it corresponds to the biggest values. However the analysis of the three criteria shows that the decision maker is principally interested in improving the global quality of the network.
General scheme of the GTS algorithm
Starting from an initial population of random frequency plans (the population size is fixed to 10 for all the referenced tests), the genetic Tabu search algorithm performs a series of cycles called generations. At each generation, two frequency plans are selected from the current population and combined with a problem specific crossover operator (section D). Then the two generated frequency plans are mutated by a Tabu search operator (section E) before being inserted into the population. Figure 4 presents schematically the working of the algorithm.
Selection and replacement operators
To favor the selection of good solutions, population individuals are ordered according to their fitness so that the best solution (lower fitness) has the rank 0, the second best solution obtains the rank 1 and so on. The worst solution will thus obtain the biggest rank (population size −1). Let r i be the rank of the individual i, the selection probability of i is then calculated following (8) .
Rank based selection has a major advantage to regulate selection pressure and hence allows better convergence of the algorithm [36] . By convergence we mean the stagnation state of the search process caused by the resemblance between population individuals. Using the rank based selection, we ensure that the selection probability of the best solution doesn't exceed the value 2/(Pop_size + 1). Therefore reproduction rate of parents in further generations is limited and convergence process is better controlled. In addition, ranking eliminates the need for fitness scaling when the individual's fitness within the population converges to a narrow interval and hence selection pressure is maintained during the search. This approach shares similarities with the fitness entropy based method used in [35] .
New individuals, created by crossover and then mutation (next 2 sections), are inserted in the population in place of other solutions (not necessarily their parents). Replacement favors the elimination of bad frequency plans. Equation (9) gives the replacement probability of an individual i.
Let us notice that the best frequency plan is never replaced. This elitism selection strategy ensures that the best solution found during the search will not be lost and will continue to contribute to further evolutions.
Crossover operator
Several crossover operators are available in the literature. However, in several cases the use of domain-specific operators has given better results. The analysis of the frequency plan structure shows the importance of the notion of vicinity. In fact, the quality of a frequency plan depends on the frequencies distribution at the local level (cell, site, district, etc. . . . ). A good crossover operator should allow the conservation of the conflict-free assignments of the parent solutions and help the resolution of conflicting assignments.
For that reason, we have adopted the so-called geographic crossover described in [34] , which is specially designed for channel assignment. This crossover operator works as follow. Given two frequency plans, the first step of the crossover consists in taking randomly a reference station S i . Let V (S i ) be the set of co-site and interfering stations of S i (S j interferes with
definition is given in (3). Then the frequencies assigned to stations S i ∪ V (S i ) are exchanged between the two parents generating two new frequency plans (Fig. 5) . In that manner, this geographic crossover helps conserve the building blocks constituting parent codes. This is made by swapping information related to the local resolution of interference between stations. The interference risks are: S1 interferes with S2, S1 interferes with S4, S2 interferes with S3, S3 interferes with S5 and S4 interferes with S5. In the example we consider that the reference station is S3 and since it interferes with S2 and S5, the frequencies assigned to stations {S2, S3, S5} are exchanged
We give here the skeleton of crossover operator.
Crossover (Frequency plan parent1, parent2)
Tabu search based mutation
For mutation, we use a local search operator based on Tabu search (TS). The purpose of the TS operator is to improve iteratively the frequency plans generated by the crossover before inserting them into the population. The TS operator shares some similarities with the Tabu algorithm described in [17] which is designed for solving the FAP based on the static traffic model. However, our TS operator distinguishes itself by some specific features: the way of assessing the fitness of frequency assignments, the manner that the moves are chosen and the role of the Tabu list.
Tabu search based operator corresponds to a kind of macro-mutation where at each iteration (also called a move), a conflicting assignment (i, k) representing the kth Fig. 6 Common Tabu list mechanism frequency assigned to station S i , is chosen and its current frequency value is replaced by another value. More precisely, these choices are taken following two steps.
1. The first step consists in choosing the assignment to change. For that end, a violation score is first calculated for each assignment (i, k). This score measures the contribution of this assignment to the recorded interference. The violation scores are used as a way to locate the problematic affectations. Equation (10) gives the expression of the violation score of the kth frequency assigned to station S i . Once the violation scores are calculated, we choose an assignment according to (11) , which describes the choice probability of an assignment (i, k). Therefore assignments with a high violation score will have more chance to be mutated.
2. After the choice of an assignment (i, k), a new frequency value f i,k is affected to it to replace the current value f i,k . The chosen f i,k corresponds to the frequency value leading to the best frequency plan and not being forbidden by the Tabu list. The elements (i, k, f i,k ) and (i, k, f i,k ) are then added to the Tabu list.
This process is repeated for a given number of iterations noted TSML. The Tabu list is implemented as an attributive memory, where certain attributes of the frequency plan are stored instead of the full solution. The Tabu list is then handled as a FIFO list. The number of iterations that a move is considered Tabu (Tabu tenure) is static and corresponds to the Tabu list size.
The new Tabu elements have two different roles. The element (i, k, f i,k ) prevents the algorithm from re-visiting previously seen solutions. The element (i, k, f i,k ) prevents the other individuals from re-exploring the same search area since the Tabu list is shared by all the individuals as shown in Fig. 6 .
The number of TS iterations is determined by the TSML (Tabu search based Mutation Length) parameter. The result of the Tabu search based mutation is the best frequency plan encountered during the Tabu search cycle.
We give below the main loop of the Tabu search based mutation followed by the genetic Tabu search algorithm. The main procedure is stopped when the genetic Tabu search reaches a given number of iterations. During the experimental tests, this number is chosen in such a manner that it guaranties the same running time for all tested algorithms. Notice that a criterion like "stagnation state condition" is not able to give such a guarantee. 
TabuSearchOperator(Frequency plan fp)

Genetic Tabu Search Begin
P := RandomInitPopulation(Pop_size); For g := 1 to NbGenerations (p1,p2) := SelectParents(P) with a Pc probability do (f1,f2) := Crossover(p1,p2) otherwise f1 := p1; f2 := p2; f1 := TabuSearchOperator(f1); f2 := TabuSearchOperator(f2); (v1,v2) := SelectVictims(P); ReplaceBy(v1,f1); ReplaceBy(v2,f2); End for End.
Synergy between Tabu search based mutation and crossover
As the generations go by and thanks to selection and crossover mechanisms, the population individuals tend to present the same properties. Considering the directive aspect of the Tabu search based mutation, similar individuals are induced to follow the same itinerary. Consequently, this involves an exploration redundancy and therefore the slowness and the loss in diversity of search. To overcome this problem, Tabu list stores the recent evolution trace of all population individuals. The itinerary followed by an individual is avoided for the others involving the multiplicity of optimization itineraries. The crossover operator appears then as the only mechanism to share and exchange experience between individuals. In other words, the crossover operator allows the combination of various search itineraries.
Crossover operator can be considered as an exploitation tool in our hybrid algorithm. It leads to individuals that bring no diversity into the population since all the genes are inherited from one of parents but at the same time offspring individual cannot be considered in the local neighbor of their parents since they are so different of each parent taken separately. The Tabu search based mutation operator, as for it, proceeds locally by operating small modifications of the solutions. The use of the common Tabu list mechanism allows not only to avoid the exploration of already visited area by the same individual but also all areas visited by the other individuals. Therefore, despite that the Tabu search based mutation is a local search procedure it remains a good way for exploration since it has a global view of the search state given by the Tabu list. Consequently, there is no redundancy in the roles of crossover and mutation operators. The mutation works as a life cycle during which each individual acquire an experience that enriches the group experience. This is possible thanks to the common Tabu list that prevents each individual from following the same search itinerary. The crossover operator appears here as the unique way to exchange this experience between individuals.
Tabu search for FCA (TS)
In order to assess the hybridizing effect of our genetic Tabu search algorithm, we have also developed a separate Tabu search algorithm [14, 37] . This algorithm is basically the same as the Tabu search based mutation (Sect. 4.5) since the most important components are shared (individual representation, evaluation function, Tabu list management etc.) Tabu search is a meta-heuristic well known for its ability to escape from local optima. The last decade has seen the multiplication of works on Tabu search in the field of telecommunications and notably radio networks [25, 39] . Tabu search is a local heuristic based on the four principals: -Define the manner to construct the neighborhood of a solution and the kind of move to use. -An interdiction rule of a set of moves (considered Tabu) generally to prevent search cycles. -A rule of choosing one solution among the set of neighbors.
-An aspiration criterion allowing the use of a move even if it is Tabu.
Initial solution
The Tabu search algorithm starts from an initial solution generated using an adaptation of the DSATUR procedure [2] . The algorithm assigns frequencies to stations progressively. At each step, we choose a free assignment (i, k) having a minimal number of allowed frequencies (frequencies satisfying all interference constraints: co-station, co-site and inter-site). Among all the allowed frequencies, we choose the one f i,k that has the minimal index. If there is no allowed frequency, we choose then one frequency that satisfies co-station and co-site constraints and minimizes inter-site interferences.
Neighborhood
For a given frequency plan, the set of neighbors corresponds to all possible frequency plans which can be obtained by changing the value f i,k of the kth frequency of a station i. Consequently, each move is represented by a triplet (i, k, f ) corresponding respectively to the station, the assignment and the new frequency value. At each iteration of the Tabu search algorithm, the neighborhood of the current solution is examined. Since the number of neighbors may be very high (W × (nf − 1) where
we adopt an incremental evaluation technique [10] . In this technique, a nf × W matrix is incrementally calculated. The elements of the matrix represent the cost variation (called also move value) for each possible move of the current solution. At each step, the non-Tabu neighboring solution with the best cost variation is selected and becomes the current solution. If a neighbor is better than the best solution found so far, this neighbor is still selected even if it is forbidden by the Tabu list. After a move, the matrix is updated according to this change and the selected move is inserted in the Tabu list for a given number of iterations.
We give here the skeleton of the Tabu search algorithm.
Tabu Search Begin S = DSATURE; CalculateMatrix;
UpdateMatrix; End for End.
Genetic local search for FCA (GLS)
In order to assess the effect of the Tabu search based mutation in the hybrid genetic algorithm, in particular to see how the common Tabu list impacts on the search; we have discarded the common Tabu list, the other components remaining the same. In this case, the initial Tabu search based mutation degenerates to a simple descent based mutation. As for the initial genetic Tabu search algorithm, this mutation operator carries out iterative changes on a single frequency plan. At each iteration, the choice of the assignment to change is made on the basis of violation scores. However, changes are no more recorded in the Tabu list. We give here the algorithmic scheme of the descent mutation operator, the main algorithm being the same. 
DescentMutation(Frequency plan fp)
Genetic Tabu search with no common list for FCA (GTS_NCL)
To support the comparison we also compare our GTS algorithm with an identical algorithm noted GTS_NCL. The common Tabu list is replaced by an individualized short-term Tabu list. More precisely, at the beginning of each Tabu search based mutation; the Tabu list is set to empty. Therefore each mutation execution is completely independent of the rest of the search.
TabuSearchOperator(Frequency plan fp)
Begin Best_fp := fp; CalculateScores(fp); TabuList = {}; for iter := 1 to TSML {Tabu search based mutation length}
then Best_fp = fp; End if End for End.
Experimental results
Experimental tests presented in this section have two purposes. At the algorithmic level, we assess the performance of the Genetic Tabu algorithm and the influence of algorithmic parameters on the search. In particular, we study the impact of Tabubased mutation on the hybrid algorithm. At the modeling level, we compare frequency plans generated using our traffic model with those generated using the classical 2BH modeling [21] .
Tests are carried out on both fictitious and real world problems and are accessible at http://www.info.univ-angers.fr/pub/hao/COAP2010.html. The two fictitious FCA instances used in our experimentation represent 63 stations extracted from a real network B. The word "fictitious" refers only to the data of traffic evolution. The two instances have the following characteristics: 225 frequencies to assign, traffic data over 6 periods and around 1100 inter-site constraints. Each instance represents a different class of traffic evolution that allows us to study the performance of dynamic traffic modeling on different traffic evolution scenarios.
The first network, B_63_1, represents synchronous and proportional rises and falls of traffic on the entire network. The second instance, B_63_2, emphasizes the mobility aspect of clients and presents two distinct areas. The rise of traffic on one area is accompanied by a fall of traffic intensity on the other area.
The third network (Network D) uses real traffic evolution data. This network is characterized by 639 stations, 1411 frequencies to assign, about 30000 inter-site constraints and traffic data over 13 hours (7:00-20:00). The studied period corresponds to the overloaded hours of the network, the other non-problematic hours being neglected.
In addition to these three instances, two other instances are used which are constructed by logarithmic scaling of the weights of B_63_1 and B_63_2 graphs (B h i,j,d = log 10 (B h i,j,d × 100 + 1)). We note by B_63_1_log and B_63_1_log these problem instances. Logarithmic scaling allows homogenizing of interference weights and therefore the study of the performance of algorithms under homogeneous edges weights.
Finally we have implemented a random graph generator (RGG). This tool allows us to generate a graph by specifying the number of stations, the number of periods as well as the density and the heterogeneity degree of the graph. The density of the graph is taken from [0, 1] measuring the probability that two different stations are interfering. The heterogeneity parameter is a value between [0, 1] defining the heterogeneity level of the graph weights. Four problem instances are generated using the RGG; all these instances are composed of 50 stations with 5 periods. The first instance (RGG_50_1) presents a density of 0.5 and a heterogeneity level of 0.2. The second one, RGG_50_2 has a density of 0.2 and a heterogeneity level of 0.5. RGG_50_3 has a density of 0.2 and a heterogeneity level of 0.2. The fourth instance has a density of 0.2 and a heterogeneity level of 1.0.
For all these networks, we consider that the same scheme of traffic evolution will recur in the future days. The frequency plan that fits the traffic evolution over the studied period will fit the traffic of the network in the future days until an important traffic evolution occurs. At that moment, the frequency plan will be changed. 
Genetic tabu search performance
The quality of the best solution found in the final population is taken as the final result of a search. To eliminate possible implementation effects, we do not consider the solving speed. Thus search may be run for several hours.
Influence of search parameters
In this first part of the study, we are interested in studying the influence of two most important specific parameters for our genetic Tabu search algorithm: Tabu list size or Tabu tenure (TLS) and Tabu search based mutation length (TSML). To observe the influence of TLS on the search we vary its values and we fix the other parameters. Table 1 gives for each value of TLS the average (Mean) and the standard deviation (SD) on 30 runs of the solutions costs (function F ) found by the GTS. The other parameters are fixed as follow: population size = 10, generation number = 100,000, TSML = 30, Pc = 0.3. Population size and Pc values are fixed according to a primary test phase showing that given its intensification and diversification quality, the GTS algorithm performs well under small population size and moderate use of crossover. The influence of TSML on the search is analyzed in Table 2 . In this case, we keep the same values of population size, generation number and crossover probability and we fix the value of TLS to 200. Let us mention that hard constraints are always satisfied for every tested value and for all the runs.
From Table 1 , we observe that moderate values of TLS (lines corresponding to TLS = 100, 200 and 500) give the best results. In fact, a low value of TLS deteriorates In the same way, from Table 2 , we observe that the Tabu search length has an important influence on search performances. When Tabu search length is low, Tabu search mutation has no enough time to improve the quality of new solutions generated by crossover. For high values of TSML (against Tabu list size), Tabu search based mutation leads to premature convergence of the search. Figure 7 , presenting the evolution profiles of GTS with different values of TSML parameter, confirms this hypothesis. In fact, the curve corresponding to TSML values 200 shows a fast and premature convergence of search (at generation 1000). The figure shows also that the best solutions are obtained for average values of TSML, which allows a better evolution. Notice that the convergence phenomenon of search is not clearly observable because x-axe and y-axe are scaled in log. Despite of this, one may still observe the difference among the evolution curves at the first generations of the search.
The values of standard deviation given in Tables 1 and 2 indicate the relative stability of the GTS algorithm, since the average deviation of the results doesn't exceed 5.8% in the worst case.
In Fig. 8 , we underline the existing relationship between Tabu search length and Tabu list size. The horizontal axe represents the average quality on 30 runs of obtained solutions. The average is calculated using the same values of the parameters TLS and TSML. Each pair of bars in the histogram corresponds to the values of the two parameters TLS and TSML chosen for the corresponding experience.
We can observe, for example, that for TLS = 500, the ideal value of TSML is 100, whereas the ideal value is about 200 or 500 when TLS = 2000. Therefore, the choice of best values of the two analyzed parameters must obey to a certain rule of proportionality. This proportionality must be made in such a manner to allow the sharing of experience between population individuals, experience sharing being ensured by the Tabu list mechanism. 
Comparison with TS, GLS and GTS_NCL
The performance of the Genetic Tabu Search (GTS) algorithm is evaluated on the nine problem instances described before. The results are compared with those obtained by Tabu search algorithm (Sect. 5), Genetic Local Search (Sect. 6) and Genetic Tabu search without common Tabu list (Sect. 7). Table 3 gives for each instance and for each algorithm the quality of obtained results over 30 runs. The column VC corresponds to the average number of violated co-station and co-site constraints. The columns AVG, MIN and SD represent the average, the minimum and the standard deviation of the sum F 1 + F 2 + F 3 . On the other side, TS algorithm implements deterministic procedures and therefore only one run is performed on each instance. The performances of the algorithm are represented by the columns VC and
The first remark is that the Genetic Local Search algorithm performs the worst. For the nine instances it doesn't satisfy even the hard constraints. This shows clearly the importance of Tabu list mechanism. Tabu search alone achieves better solutions but these results are considerably improved by introducing Tabu search mechanisms into a genetic search.
Therefore, GTS and GTS_NCL prove their efficiency compared with the competing methods. At the same time, we observe that GTS algorithm performs better than GTS_NCL. This shows the interest of the common Tabu list with respect to the individualized Tabu list as in GTS_NCL. The experimental parameters for the nine experiments are: Population size = 10, TSML = 30, TLS = 500, Pc = 0,3.
Finally, notice that GTS, GLS and GTS_NC have the same time complexity even if GLS requires less memory given that it doesn't require a tabu list.
Dynamic modeling performances
The purpose of this section is to compare our dynamic scheme of fixed channel assignment with the classical scheme based on 2BH traffic data from an operational Table 3 Comparison over 30 runs (10 runs for the instance D) of solutions given by GTS with common Tabu list, GTS with no common Tabu list, GLS and Tabu search for nine problem instances. For each method, we give the average number of violated costation and cosite constraints (VC) as well as the average (AVG), the standard deviation (SD) and the minimum (MIN) of the sum F = F 1 + F 2 + F 3 We give in (12) the objective function used in 2BH model. Table 4 shows computational results of classical and dynamic traffic modeling on the real world problem D. To obtain this table, we generate two frequency plans using the GTS algorithm. The first is built on the basis of classical traffic modeling (12) . The second is built on the basis of our dynamic traffic modeling (7) . The performance of each frequency plan, in terms of lost traffic, is estimated for each period using PARCELL © simulator. We present also at the lower part of the table: the total lost traffic (column Total), the communication gain (difference between classical and dynamic model), the maximum lost traffic for one time period (robustness criteria) and finally the maximum lost traffic for one cell. Information is given for each of the three quality thresholds (2%, 4% and 7%).
The experiments were carried out using the same parameters of the GTS algorithm: 100,000 generations for a population of 8 solutions with a crossover rate of 0.3 and Tabu search length of 30. From Table 4 , we notice that the dynamic model gives better frequency plans both in terms of global traffic capacity and robustness. Indeed, for the three thresholds, we get a gain of communication ranging from 1.84 and 13,75 Erlang.
Conclusions
This paper proposed an in-depth study for the channel assignment problem from both a modelling and solution point of view. The contribution of this paper is twofold. First, we proposed a dynamic traffic model for the fixed channel assignment problem. Contrary to classical models such as 2BH that consider the traffic as static data, the proposed model takes into account both temporal and spatial evolution of traffic, leading thus to a much more accurate and robust characterization of traffic. This dynamic model allowed us to introduce two new optimization criteria: frequency plan robustness and spatial repartition of interference, in addition to the classical interference criterion. The proposed model gives a new basis for developing more effective solution methods.
For the solution purpose, we developed a powerful Genetic Tabu search algorithm, which is mainly characterized by a problem specific crossover, an effective Tabu search mutation and a Tabu list shared by the individuals of the population. Extensive studies were carried out to study the behavior of this hybrid algorithm and the influence of its parameters. Based on fictitious and real data, experiments were realized to assess the performance of the genetic Tabu search algorithm and its underlying dynamic traffic model. Computational results show that using the proposed traffic model, the Genetic Tabu search algorithm gives better frequency plans in terms of the three quality criteria used. The gain of communications was also measured, showing a clear decrease of traffic lost. Finally, Genetic Tabu search was shown to dominate (unsurprisingly) the Tabu search algorithm alone and the hybrid algorithm with no shared Tabu list.
This proposed model introduces three optimization criteria. In this work, we used a simple penalty-based approach to deal with these criteria. An interesting alternative worth of investigation is the multi-criteria approach that is gaining recently much research efforts. Finally, the model itself may be further enriched to give different priority to periods (professional and private communication).
